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Understanding the genetic basis of adaptation is a central problem in biology. However, revealing
the underlying molecular mechanisms has been challenging as changes in ﬁtness may result from
perturbations to manypathways, anyof which may contribute relatively little. We have developed a
combined experimental/computational framework to address this problem and used it to
understand the genetic basis of ethanol tolerance in Escherichia coli. We used ﬁtness proﬁling to
measure the consequences of single-locus perturbations in the context of ethanol exposure.
A module-level computational analysis was then used to reveal the organization of the contributing
loci into cellular processes and regulatory pathways (e.g. osmoregulation and cell-wall biogenesis)
whose modiﬁcations signiﬁcantly affect ethanol tolerance. Strikingly, we discovered that a
dominant component of adaptation involves metabolic rewiring that boosts intracellular ethanol
degradation and assimilation. Through phenotypic and metabolomic analysis of laboratory-evolved
ethanol-tolerant strains, we investigated naturally accessible pathways of ethanol tolerance.
Remarkably, these laboratory-evolved strains, by and large, follow the same adaptive paths as
inferred from our coarse-grained search of the ﬁtness landscape.
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Introduction
Microbial organisms are constantly adapting to environmental
changes. When perturbations are limited to those commonly
encountered in the native habitat, physiological processes
allow rapid adaptation through both homeostatic and pre-
dictive behaviors (Tagkopoulos et al, 2008). However,
environmental perturbations beyond the structure of the
native habitat, set the stage for the emergence of ﬁtter mutants
through mutation and natural selection (Yokoyama, 2002).
Revealing the genetic basis of adaptation to extreme environ-
ments is a formidable challenge due to the potential involve-
mentofmanycellularcomponentsandpathways.Evolutionof
ethanoltolerance—thecapacitytogrowathighconcentrations
of ethanol—represents an ideal model system for studying
such adaptation, which at the same time has signiﬁcant
implications for commercialization of bioethanol as an
environmentally sustainable source of energy (Zaldivar et al,
2001). As a byproduct of fermentation, ethanol is thought to
causetoxicitythrougheffectsonmembraneintegrity(Dombek
and Ingram, 1984; Ingram, 1986), the activity of membrane
bound and soluble enzymes (Ingram, 1976; Nagodawithana
et al, 1977; Millar et al, 1982), and proton ﬂux balance across
the membrane (Cartwright et al, 1986; D’Amore et al, 1990).
No single-genetic modiﬁcation can substantially increase the
level of ethanol tolerance, suggesting the involvement of
multiple pathways (D’Amore and Stewart, 1987).
The ﬁrst whole-genome attempt to discover the genetic
modiﬁers of ethanol tolerance involved comparing the gene-
expression levels in a laboratory-evolved ethanol-tolerant
strain to its parental ethanologenic strain (Gonzalez et al,
2003). However, due to the number of generations needed to
reach the maximal tolerance level obtainable in laboratory
timescales, the observed changes in the expression levels may
be phenotypically neutral (e.g. marAB upregulation in the
tolerant strain; Gonzalez et al, 2003). In addition, many
alterationsaremostlikelytargetingotheraspectsofadaptation
to the media and not ethanol per se. Furthermore, given that a
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for higher tolerance, this approach may fail to provide a
comprehensive genetic portrait of ethanol tolerance.
In this study, we have used a whole-genome experimental
and computational frameworkto dissect the adaptivemechan-
isms of ethanol tolerance in Escherichia coli. To systematically
identify the loci that positively or negatively contribute to
ethanol tolerance, we measured the ﬁtness consequences of
gene-level perturbations through whole-genome ﬁtness proﬁl-
ing(Girgisetal,2007).Weusedhigh-coveragemutantlibraries
to proﬁle the effects of single-genetic perturbations (i.e.
suppression or overexpression) on the growth rate of wild-
type E. coli in the presence of ethanol (Figure 1A). Our study
revealed many potential target loci with large or small effects
on relative growth; however, genes rarely work in isolation
and the contribution of the identiﬁed loci are not necessarily
independent. Thus, to increase our analytical sensitivity, we
used a modular computational framework to systematically
identify the cellular components and pathways whose
modiﬁcations are beneﬁcial or detrimental to higher levels of
ethanol tolerance.
We found ethanol tolerance to be affected by a diverse range
of genetic modules, including stress response pathways (e.g.
osmotolerance and acid stress response), metabolic processes
(e.g. aerobic respiration), and structural components (e.g. cell
wall and ﬁmbriae). We subsequently tested whether the
identiﬁed modules act independently or interact as part of an
‘ethanol-tolerance’ pathway. As a result, we discovered
intracellular ethanol degradation as a potential adaptive
mechanism for ethanol tolerance in E. coli. The functional
relevance of the discovered pathways was then assessed
through metabolic concentration measurements (Fiehn, 2001;
Nicholson et al, 2002; Wikoff et al, 2007) and stable-isotope
labeling (Sauer, 2006; Yuan et al, 2006) of laboratory-evolved
ethanol-tolerant strains (Figure 1B). Using liquid chromato-
graphy coupled tandem-mass spectrometry (LC-MS/MS), we
discovered that naturally evolved ethanol tolerance beneﬁts
from the contribution of the pathways we have identiﬁed. In
what follows, we detail the framework used to identify the
associated pathways along with their potential functions
in bringing about a higher level of ethanol tolerance in E. coli.
Our results suggest that the combination of whole-genome
Figure 1 A schematic representation of the overall strategy. (A) Starting from the transposon insertion or overexpression libraries, we enriched for relative increase in
ethanol tolerance through several rounds of selection in the presence of ethanol. The changes in the frequency of each mutant in the selected versus unselected
samples were then translated into a whole-genome ﬁtness proﬁle. (B) The wild-type strain (MG1655) was grown in minimal media plus glucose and exogenous ethanol
to select for increased ethanol tolerance. The resulting tolerant strains were subjected to metabolomic analyses for measuring changes in the steady-state levels of
intracellular metabolites. In a parallel experiment, stable-isotope labeling (
13C-ethanol) was used to test ethanol assimilation as a possible mechanism for tolerance.
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measurements is a powerful framework for studying adaptive
evolution to extreme environments.
Results
A coarse-grained ﬁtness landscape of ethanol
tolerance
Starting from a comprehensive transposon mutant library
(Girgis et al, 2007), we used rich media (LB) plus ethanol
(4 and 5.5% v/v) to select for mutants with higher levels of
ethanol tolerance. For wild-type E. coli strain MG1655, ethanol
concentrations higher than 6% v/v in rich media resulted in
complete growth inhibition. Thus, our selections included
both 4% v/v (mild) and 5.5% v/v (harsh) ethanol concentra-
tions to capture different toxicity levels (see Supplementary
Figure S1). The frequency of insertions in each locus (both
in the selected samples and unselected controls) was then
determined through a microarray-based genetic footprinting
approach (Girgis et al, 2007). In genetic footprinting, we
selectively amplify the sequence adjacent to the transposon
insertion site, which subsequently serves as a tag for its
identiﬁcation (Badarinarayana et al, 2001). A microarray-
based quantiﬁcation of these tags is then used to measure
transposon insertion frequencies as a function of the hybridi-
zation signal at each locus across the population (Girgis et al,
2007). After several rounds of selection (B5–10 generations),
a ﬁtness score is assigned to each locus based on its associated
hybridization signal in the selected versus unselected samples
(see Materials and methods for details). As transposon
mutagenesis typically results in gene inactivation, genes that
when disrupted decrease ﬁtness in ethanol, have negative
ﬁtness scores. In other words, the loci with negative scores are
beneﬁcial to higher tolerance, whereas the ones with positive
scores have an adverse impact on growth in ethanol.
To capture the genes that may be essential or affect general
growth as well as ethanol tolerance, we also used a pBR322-
based overexpression library in which the bacteria carry
1–3kb random fragments of the E. coli genome cloned into a
pBR322 vector (Amini et al, 2009).This overexpression library
was similarly selected in the presence of ethanol (4 or 5.5%
v/v) and the changes in the frequency of the overexpressed
loci were subsequently determined through cloning site
ampliﬁcation and microarray hybridization (see Materials
andmethods). Similar to the transposon library, thehybridiza-
tion signals were translated into ﬁtness scores by comparing
the selected and unselected samples.In this case, however, the
beneﬁcial loci have positive scores resulting in a positive
correlation between the ﬁtness scores and ethanol tolerance.
Detecting pathways and cellular components
involved
Ondeterminingtheﬁtnessscoresassociatedwitheachlocusin
the two libraries (transposon insertion and overexpression)
under both conditions (4 and 5.5% v/v ethanol), we sought to
identifythegenesthatsigniﬁcantlyaffecttheethanoltolerance
capacity of E. coli. However, due to the limited effect of single-
gene perturbations on ethanol tolerance, few genes passed our
gene-levelstatisticalthreshold.Althoughtheﬁtnesseffectscan
be accentuated through increasing the number of generations,
the occurrence of beneﬁcial spontaneous mutations during
selection can adversely affect the quality of ﬁtness proﬁles.
Thus, to boost the sensitivity of our approach without
increasing the number of generations, we used a module-level
analysis of these whole-genome ﬁtness proﬁles. To this end,
we combined the data from GO annotations (Ashburner et al,
2000), transcription factor regulons (Salgado et al, 2006), and
known stress response pathways (Storz and Hengge-Aronis,
2000) to compile predeﬁned gene sets representing the
prominent modules in the E. coli genome. Starting from these
gene sets, we subsequently used a mutual-information-based
approach (termed iPAGE; Goodarzi et al, 2009a) to discover
the genetic modules that are signiﬁcantly informative of our
ﬁtness proﬁles. In this approach, we sorted and quantized the
ﬁtness scores in each sample into equally populated bins (10
bins in this case) where each gene is assigned to a single bin.
Then, for every module, we calculated the mutual information
(Cover and Thomas, 2006) between the quantized ﬁtness
proﬁleandthemodule-membershipproﬁleacrossallthegenes
(seeMaterialsandmethods; SupplementaryFigureS2).Onthe
basis of their mutual information values, the signiﬁcantly
informative modules were identiﬁed and their enrichment/
depletion patterns were visualized through a heat map (see
Materials and methods). The most prominent modules
emerging from this analysis can be seen in Figure 2. Our
results imply that the genes active in propionate catabolism
(PrpRregulon),glycinecleavagecomplex(GcvAregulon),and
glycine-betaine synthesis (BetI regulon) boost ethanol toler-
ance capacity (low scores in transposon libraries and high
scores in overexpression samples), whereas ﬁmbriae and acid
stress response genes have a signiﬁcant negative contribution
(high scores in transposon libraries and low scores in
overexpression samples). Similarly, heat-shock stress re-
sponse and cell-wall biogenesis pathways are signiﬁcantly
beneﬁcial for ethanol tolerance; as are the genes involved in
aerobic respiration (i.e. FNR/ArcA regulons). Here, we have
focused on the modules that, in addition to their enrichments
among the genes with signiﬁcant ﬁtness consequences, are
also discovered in multiple samples across both transposon
andoverexpressionlibraries.Inwhatfollows,wediscussthese
pathways and their potential functions in ethanol tolerance.
Contribution from stress response pathways
Ethanol alters the physical characteristics of the aqueous
environment, thus perturbing protein folding both in the
cytoplasm and periplasm (Ingram and Buttke, 1984). Ethanol is
one of the most powerful elicitors of the heat-shock stress
response (Neidhardt and VanBogelen, 1987; Thomas and Bane-
yx, 1997) and a known activator of the envelope stress response
(Storz and Hengge-Aronis, 2000). Indeed, our framework has
successfully captured the crucial function of these two pathways
in attenuating the adverse effects of ethanol on protein folding
(Figure 2).Ethanol toleranceis alsoaffectedbythe concentration
of osmoprotectants inside the cell (D’Amore and Stewart, 1987).
Compatible solutes involved in osmoregulation, for example
glycine and glycine-betaine in E. coli LY01 (an ethanologenic
derivative of E. coli B) and trehalose and glycerol in yeast strains,
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Gonzalez et al, 2003). Consistently, we discovered that glycine
and glycine-betaine synthetic genes (GcvA and BetI regulons)
substantially contribute to ethanol tolerance in MG1655,
presumably through higher production of osmolytes. Given its
size and polarity, ethanol readily permeates through the
membrane, rendering this compound as an unlikely elicitor of
the osmotic shock response. However, it has been shown that
cells are more sensitive to osmotic stress in the presence of
ethanol (Gonzalez et al, 2003). This effect may be attributed to
highermembraneﬂuidityinducedbyethanol,whichaccentuates
the effects of osmotic pressures through membrane leakage.
Also, the fact that heat shock, ethanol, and osmotic stress
similarly activate the envelope stress response and the phage
shock protein pathways indicates membrane ﬂuidity
as the common target of these stresses (Rowley et al, 2006).
The function of compatible solutes in neutralizing the effects
of ethanol has been extensively studied (for review see
Hallsworth,1998).Forexample,trehalosecaninhibit theleakage
induced by ethanol in both intact yeast cells and lipososmes
(Mansure et al, 1994).
Remarkably, we also discovered that the acid stress res-
ponse pathway (Foster, 2004) antagonizes ethanol tolerance
(Figure2).Weobservedthattheoverexpressionofthegenesin
this pathway increases ethanol sensitivity (Figure 3A).
To further validate this effect, we made a partial deletion of
the acid ﬁtness island (Daﬁ: b3506–b3511), which includes
four of the genes presented in Figure 3A (Mates et al, 2007),
and found that in comparison with wild type, the resulting
strainshowsasigniﬁcantlyincreasedsurvivalratein7%(v/v)
ethanol (P-valueo0.001; Figure 3B).
The function of structural components
We also found a number of structural components with
signiﬁcant positive or negative effects on ethanol tolerance.
We were not surprised to ﬁnd that the cell-wall biogenesis
pathway is crucial for ethanol tolerance given its function in
supporting membrane integrity. A number of peptidoglycan
biosynthesis genes show beneﬁcial contributions to ethanol
tolerance (Figure 4A). We also observed that slt, which
encodes a murein-degrading ‘soluble lytic transglycosylase’
Figure 2 Modular analysis of ﬁtness proﬁles. The genes in each sample are quantized into 10 equally populated bins based on their ﬁtness scores. These bins are then
ordered from lowest ﬁtness (left) to highest ﬁtness (right). For each sample, the red bar in the top panel shows the range of ﬁtness scores contained in each bin. A set of
signiﬁcantly informative (empirical P-valueo0.005) modules are listed along with a heat map representing their enrichment/depletion patterns across all the bins. In these
heat maps, red and blue entries represent the log(P-values) calculated for every ﬁtness bin and module using the hypergeometric distribution, highlighting the enrichment/
depletion pattern of eachmodule across the ﬁtness range (see Materialsand methods). Note that intransposon insertion libraries,the modules that favor growth in ethanol
are enriched in lower ﬁtness scores, whereas those with adverse effects are enriched in higher bins. In case of the overexpression libraries, the opposite trend occurs.
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activityofthesegenesisbeneﬁcialforethanoltolerance,whereastheiroverexpressionisdeleterious.(B)Weusedkillcurves(i.e.thenumberofCFUsateachtimepoint)
to compare the ethanol tolerance of the wild-type strain and Daﬁ strain (containing a partial deletion in the acid ﬁtness island) in 7% v/v ethanol (left). Daﬁ, an acid-
sensitivestrain,showedasigniﬁcantincreaseinethanoltolerance(P-valueo1e 3).Theexperimentswereperformedintriplicate,andtheerrorbarsmarktheminimum
and maximum for each point.
Figure 4 Cell-wall biogenesis and ethanol tolerance. (A) The ﬁtness scores assigned to the peptidoglycan biosynthesis genes (mur genes) and a murein-hydrolyzing
enzyme (slt) are shown across all four samples. (B) As shown in these kill curves, deleting slt (P-valueo0.012) or overexpressing murB (P-value¼0.019) signiﬁcantly
increases the level of ethanol tolerance compared with the MG1655 strain. The experiments were performed in triplicate with error bars showing the minimum and
maximum values for each point.
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(Figure 4A). To validate these observations, we showed that
E. coli strains harboring a plasmid overexpressing murB,
the enzyme that catalyzes the production of UDP-GlcNAc-
enolpyruvate, or those lacking the slt gene show higher
survival rates at 7% (v/v) ethanol compared with the
wild-type strain (Figure 4B). We also discovered that null
mutations in ﬁmbrial and ﬁmbrial-like genes signiﬁcantly
increase ethanol tolerance (seeSupplementary Figure S3).The
lower expression of the non-essential periplasmic proteins,
including ﬁmbriae, may help the cell cope with its envelope
stress. The structural strain imposed on the membrane by
these components may also result in membrane leakage or
breakage.
Changes in the lipid composition of the membrane in
response to ethanol stress has been extensively studied
(Ingram, 1977). In E. coli CSH2, lipids with unsaturated fatty
acids increase in frequency, as a result of saturated fatty acid
synthesis inhibition (Buttke and Ingram, 1980). As shown in
Figure 2, transposon insertion events in the fatty acid
biosynthetic genes result in loss of ﬁtness in 4% v/v ethanol.
This observation further highlights the function of membrane
composition in mounting a response against ethanol. How-
ever, the absence of this pathway in the 5.5% sample also
signiﬁes the slow nature of this adaptive process.
Ethanol tolerance through ethanol degradation
and assimilation
In addition to osmoregulatory transcription factors, we also
identiﬁed other regulatory proteins with signiﬁcant contribu-
tions to ethanol tolerance. The key regulators we identiﬁed
include FNR/ArcA, PrpR (Figure 2), and CafA (Figure 5A).
FNR and ArcA, controllers of the aerobic to anaerobic switch
(Green and Paget, 2004), largely regulate the central carbon
metabolism enzymes. On the other hand, cafA codes for
ribonuclease G, which is involved in rRNA processing
(Umitsuki et al, 2001). We asked whether the contributions
from these loci are additive by combining deletions in fnr,
arcA, and cafA. These deletions, which individually increase
ethanol tolerance, result in a large cumulative effect
(Figure 5B). Prior studies had shown a decrease in the fnr
transcript level in the ethanol-tolerant strain LY01; however,
this was hypothesized to contribute through increased
osmoprotection (Gonzalez et al, 2003). Our observations in
MG1655, on the other hand, suggest that the activity of central
metabolic enzymes, as part of the FNR/ArcA regulon, is the
key contributor to ethanol tolerance (Figure 5A).
Although FNR and ArcA are the transcriptional regulators
of the respiratory proteins, CafA is a post-transcriptional
regulator that mainly functions in rRNA processing. A CafA
Figure 5 Ethanol degradation as a mechanism for tolerance. (A) The ﬁtness proﬁle of the genes active in the TCA cycle along with propionate catabolism genes (prp
genes)andthenegativeregulatorsofalcoholdehydrogenase(cafAandfruR).(B)fnr/arcAandcafAdeletions,bothseparatelyandincombination,signiﬁcantlyboostthe
ethanol tolerance capacity of E. coli. These experiments were performed in triplicate. Error bars mark the minimum and maximum values.
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normal conditions, largelydue to the activityof ribonuclease E
whose function in part overlaps with that of CafA (Ow et al,
2003). Consequently, we focused on the genes that are
regulated by CafA and not ribonuclease E as key potential
players in ethanol tolerance. CafA speciﬁcally downregulates
adhE through in vivo mRNA degradation and in the absence
of this ribonuclease, the mRNA half-life of adhE increases by
2.5-fold. (Umitsuki et al, 2001). adhE codes for the fermenta-
tive alcohol dehydrogenase, which converts acetyl-coenzyme
A to ethanol under anaerobic conditions. Interestingly, in
addition to cafA, overexpression of the transcription factor
FruR—which negatively regulates adhE—also shows a dele-
terious effect on ethanol tolerance, whereas its disruption is to
some extent beneﬁcial (Figure 5A).
In total, our observations suggest that the ethanol-tolerant
mutant DfnrDarcADcafA (Figure 5B) has a higher level of
AdhE andamoreactiveaerobicrespirationapparatus.Thisled
us to hypothesize that high levels of ethanol tolerance may be
reached through breakdown of ethanol to acetyl-coenzyme A
(acetyl-CoA) by the reversible enzyme AdhE and its subse-
quent assimilation into the TCA cycle. This hypothesis is
strengthened by the advantageous effects of overexpressing
propionate catabolic genes (prp operon in Figure 5A), which
replenish the carbon backbone of the TCA cycle through
succinate biosynthesis (Palacios and Escalante-Semerena,
2000). In addition, we also observed that exogenous addition
of succinate to the media slightly enhances ethanol tolerance
(see Supplementary Figure S4). Under normal conditions,
wild-type E. coli is not capable of signiﬁcant ethanol
degradation. In particular, AdhE is largely inactive under
aerobic conditions due to the expression of its negative
regulators (Membrillo-Hernandez et al, 2000). However,
through a combination of mutations, an E. coli strain capable
of growing on ethanol as a sole source of carbon and energy
was successfully evolved in the laboratory (Membrillo-
Hernandez et al, 2000). Thus, enhancing ethanol degradation
to decrease intracellular ethanol concentration seems to be a
viable mechanism for ethanol tolerance. In fact, in organisms
capable of ethanol detoxiﬁcation, active alcohol dehydro-
genases have been associated earlier with ethanol tolerance
(e.g. Kluyveromyces lactis; Heipieper et al, 2000).
Laboratory-evolved ethanol-tolerant strains use
naturally occurring perturbations to the
discovered pathways
Our systematic genetic approach helped us acquire a broad
understanding of the pathways associated with ethanol
tolerance. We next sought to investigate whether laboratory-
evolved ethanol-tolerant strains use perturbations in the same
pathways identiﬁed here. To this end, we used laboratory
experimental evolution in media containing exogenously
added ethanol to select for mutations that confer higher levels
of ethanol tolerance.
We ﬁrst tested the anti-correlation observed between
ethanol tolerance and acid resistance. We grew wild-type
E. coli for 80 generations in rich media plus high concentra-
tions of ethanol, which resulted in strains capable of growing
in 7.0% (v/v) ethanol (strains HG179 and HG180). We then
assayed the activity of the acid response pathway in these
ethanol-tolerant backgrounds through measuring their survi-
val in LB with a low pH (pH¼3.0). As shown in Figure 6, these
strains were at least an order of magnitude more sensitive to
low pH than the wild-type strain MG1655.
For testing the metabolic aspects of ethanol tolerance,
however, LB is not the medium of choice, as the compounds
already present in the medium interfere with metabolite
measurements. To measure the metabolic alterations in
ethanol-tolerant backgrounds, we evolved wild-type E. coli
(strain MG1655) in minimal media plus glucose in the
presence of increasing concentrations of ethanol. We focused
our analysis on two timepoints along the evolutionary
trajectory, one early (HG227: B30 generation in 3% ethanol)
and one late (HG228: B160 generations in 5% ethanol). We
then used LC-MS/MS to measure the metabolite pool sizes in
HG227 and HG228 and compare them to the wild-type strain.
For HG227, the intracellular pool sizes of glycolytic com-
pounds are largely unaffected. On the other hand, in HG228,
a strain with higher ethanol tolerance, our results support a
highly active TCA cycle: we observed an increase in the
concentration of many of the TCAcycle components including
citrate, succinate, and fumarate (see Supplementary Figure S5).
In addition to metabolite measurements, we also performed
gene-expression proﬁling to comparetranscript abundances in
HG228 and WT. The expression values serve as additional
information for analyzing the metabolite pool sizes. Remark-
ably,andconsistentwithourpriordiscoveries,HG228showsa
signiﬁcant downregulation in acid stress response genes
accompanied by upregulations in peptidoglycan biosynthesis,
glycine cleavage system, ArcA regulon, and heat-shock stress
response pathways (see Supplementary Figure S6). As men-
tioned in the earlier sections, the cell-wall biogenesis pathway
is beneﬁcial for ethanol tolerance. Both ethanol-tolerant
strains HG227 and HG228 show signiﬁcant reductions in the
steady-state concentrationsofUDP-glucose andUDP-N-acetyl-
glucosamine, whereas HG227 also shows a signiﬁcant reduc-
tion in UDP-glucuronate, indicating an increase in their
consumption by peptidoglycan and colanic acid biosynthesis
Figure 6 Acid tolerance in laboratory-evolved ethanol-tolerant strains. Two
laboratory-evolved ethanol-tolerant strains, HG179 and HG180, showed a highly
signiﬁcant decline in their survival in acidic environments (pH¼3.0) compared
with the wild-type strain.
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peptidoglycan biosynthesis pathway in HG228 further under-
lines an increase in cell-wall biogenesis.
Moreover, HG228 showed a signiﬁcant increase in 2,3-
dihydroxybenzoate concentration, the only component of the
enterobactin biosynthesis pathway we were able to measure
(Figure 7B). Enterobactin, a high-afﬁnity siderophore and a
component of iron acquisition pathways in E. coli, is essential
for the activity of many enzymes including the respiratory
complexes (Sprencel et al, 2000). Our ﬁtness proﬁling results
also show beneﬁcial contributions from the enterobactin
biosynthesis pathway (namely the ent genes), consistent with
iron acquisition being required to support biosynthesis of
enzymesforoxidativemetabolism(Figure7B).Accordingly,in
HG228, entA, entB, and entH show a signiﬁcant 24% increase
in their expression accompanied by a slight but signiﬁcant
increase (B10%) in the transcript level of entC and entE.
In HG228, an increase in TCA cycle metabolites (e.g. citrate
and succinate) and a high free CoA to acetyl-CoA ratio
suggests the capacity for metabolism of ethanol to acetyl-CoA.
Figure 7 Metabolite concentration measurements and stable-isotope labeling of ethanol-tolerant strains. (A) The steady-state level of UDP-glucose and UDP-N-
acetyl-glucoseamine in ethanol-tolerant strains (HG227 and HG228) compared with wild-type MG1655. The samples were assayed in quadruplicate, and the error bars
mark the s.d. (B) A signiﬁcantly higher concentration of 2,3-dihydroxybenzoate was observed in HG228 compared with wild type. Also, the genes in the ent pathway
have negative ﬁtness scores in the ﬁtness proﬁling of transposon insertion libraries. (C) Shown are the fraction of citrate/isocitrate or succinate metabolites that are
labeled with carbon from the
13C-ethanol that was added at time 0 in both HG228 and wild-type strain MG1655. The samples were measured in triplicate with the error
bars marking the s.d.
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signiﬁcantly as part of the ArcA regulon (Supplementary
Figure S6). To test for ethanol degradation in this strain, we
measured its ability to assimilate ethanol in comparison with
the wild type. On addition of
13C-ethanol, we used LC-MS/MS
to detect the fraction of labeled key metabolites within central
metabolism at 0, 0.25, 1, and 4h timepoints. Our goal was to
compare the rate at which
13C gets incorporated into different
metabolite pools in HG228 and wild type, thus eliciting an
ethanol degradation pathway in HG228. Figure 7C shows the
label composition of citrate/isocitrate and succinate across
these timepoints. In the case of citrate/isocitrate, whereas
wild-type strain MG1655 showed o10% of the molecules as
labeled, HG228 showed B40% as six-labeled (fully labeled
citrate) after 4h. As shown in Figure 7C, a signiﬁcant increase
in the fraction of labeled metabolites was also observed for
succinate where 440% of the pool is fully labeled in HG228,
whereas o20% is detected as labeled in wild type (Figure 7C).
Other metabolites in (and near) central carbon metabolism
pathways were also signiﬁcantly labeled in HG228 compared
with the wild type (for additional metabolites see Supplemen-
tary Figure S7). We also conﬁrmed that knocking out adhE
in this background results in a signiﬁcant decrease in ethanol
tolerance (see Supplementary Figure S8). These results
indicate that the ethanol-tolerant strain HG228 has adaptively
augmented its ethanol degradation capacity as a mechanism
for tolerance.
Discussion
The relationship between genotype and phenotype is at the
core of classical and modern genetics. However, complex
phenotypes, involving many cellular processes, present
signiﬁcant challenges due to the limited sensitivity with which
genotype–phenotype relationships can be mapped. Here, we
have combined a comprehensive exploration of adaptive
potentials together with a robust modular data analysis
approach to reveal the genetic basis of a complex phenotype.
Through the use of both transposon insertion and over-
expression libraries, we surveyed the adaptive potential of all
genetic loci with respect to ethanol tolerance. The ﬁtness
consequences of transposon insertion events were more
pronounced compared with that of overexpression. This is
notsurprisinggiventhenatureoftheseperturbations.Inmany
cases, like that of core enzymes in the TCA cycle, the
overexpression of a single gene has little effect on the output
of the pathway as a whole. Nevertheless, we observed three
conditions in which overexpression perturbations result in a
pronounced ﬁtnesseffect:(1)overexpressionofkeyregulatory
components (e.g. cadB in acid stress response), (2) the
upregulation of a key enzyme in the pathway (e.g. slt in
cell-wall biogenesis), or (3) the simultaneous overexpression
of multiple genes in the same pathway (e.g. bet regulon).
Our ability to observe the latter is the consequence of the
size of the cloned fragments in the overexpression library
and the cistronic structure of the bacterial genomes in which
all the genes in a small pathway exist together as part of a
single operon.
On measuring the ﬁtness consequences of both transposon
insertions and overexpressions, we used a modular analysis of
the ﬁtness proﬁles to identify the relevant underlying path-
ways. For example, transposon insertions in the envelope
stress response genes cause a slight decrease in ﬁtness that
is not signiﬁcant enough for these genes individually to pass
our gene-level statistical threshold. Whereas, in a modular
analysis, the signiﬁcance of this pathway can be detected as
a collective effect of all these genes (Goodarzi et al, 2009a).
Our study revealed many pathways and processes that
collectivelycontribute to ethanol tolerance in E. coli. Wefound
modiﬁcations to endogenous pathways (e.g. upregulation of
osmoprotectants and suppression of acid stress response
pathway) or metabolic reprogramming to boost ethanol
degradation capacity as potential mechanisms for adaptive
ethanol tolerance. Our results argue for the dominance of
regulatory network perturbations in adaptation to extreme
environments. The ﬁtness contribution of genes regulated bya
range of transcription factors such as betI, gcvA, arcA, fnr, and
hns signiﬁes the adaptive potential of regulatory perturba-
tions. This is to be contrasted with a model in which subtle
amino-acidmodiﬁcationsineffectorproteinsarethedominant
contributors to adaptation. Discovering adaptive mutations in
different environments would ultimately test this hypothesis;
nevertheless, we have previously catalogued adaptive muta-
tions in two evolved strains: the ethanol-tolerant strain
(HG179) and a strain (ASN*) capable of growing in minimal
media plus asparagine eight times faster than the wild-type
strain (Goodarzi et al, 2009b). In HG179, we found the major
contributor to ethanol tolerance to be a point mutation in rho,
thegenecodingfortheRhotranscriptionterminator(Goodarzi
et al, 2009b). It has been shown earlier that Rho is a global
regulatorofgeneexpression andPrpC/D(propionatecatabolic
process) and CadA (acid stress response pathway) are among
the proteins most affected by Rho inhibition (Cardinale et al,
2008). These proteins and their corresponding pathways were
also identiﬁed as key players in ethanol tolerance in this study.
Similarly, in ASN*, we discovered three adaptive mutations
(an IS2 insertion, a single-nucleotide insertion, and a
mismatch) that were all upstream of their respective ORFs,
modifying their expression levels rather than their amino-acid
sequence (Goodarzi et al, 2009b). Similar studies in other
environments may further highlight the importance of
regulatory perturbations in adaptation.
Using metabolomic approaches as a measure for down-
stream effects of the adaptation process, we have shown that
some of the pathways identiﬁed through our global genetic
approach are also modiﬁed in laboratory-evolved strains for
enhanced ethanol tolerance, most notably biosynthesis of
peptidoglycans, colanic acid, and enterobactin. Interestingly,
neither of the evolved strains (HG227 and HG228) shows
signiﬁcant changes in glycine or glycine betaine levels
(Supplementary Figure S9). The fact that the evolved strains
did not show changes in all beneﬁcial pathways is not
surprising, as a single strain is unlikely to explore the entire
ﬁtness landscape on a relatively short evolutionary timescale,
emphasizing the importance of approaching the analysis of
evolution of complex traits through more systematic
methods rather than simple strain selection under the desired
condition.
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strain, HG228, we observed a substantial boost in ethanol
assimilation as compared with the wild-type strain (also see
Supplementary Figure S10). As mentioned earlier, ethanol
consumption has been associated with ethanol tolerance in
bacteria with active ethanol degradation pathways (Heipieper
et al, 2000). However, in the case of our laboratory-evolved
E. coli strain, ethanol degradation capacity emerges as part of
the adaptation process, through regulatory and metabolic
rewiring. Moreover, the anti-correlation between ethanol
tolerance and ethanol production has been noted earlier in
yeast: typically ethanol-tolerant strains are poor ethanol
producers and vice versa (del Castillo Agudo, 1985). If ethanol
degradation is a mechanism for tolerance, selecting for this
phenotype results in an adaptive metabolic rewiring, which
maximizes ethanol degradation (i.e. enhancing the reactions
that deplete acetyl-CoA) rather than ethanol production.
In this study, we have introduced a framework based on
coarse-grained sampling of the ﬁtness landscape followed bya
modularanalysisfor identiﬁcation ofpathwaysthatcontribute
to emergence of complex adaptation. Given that we are
directly assaying ﬁtness, the identiﬁed pathways are either
directly responsible for the observed effects (e.g. osmoregula-
tion in ethanol tolerance), or function as part of an emerging
pathway (e.g. adhE activity in ethanol degradation, in contrast
with its normal function as an ethanol-producing enzyme).
In parallel, we have used metabolomic approaches to probe
the status of the identiﬁed pathways in the evolved strains.
Validating the function of these pathways in the laboratory-
evolved strains highlights the biological relevance of our
approach and its ability to reveal the actual genetic mechan-
isms used during the evolutionary process.
Materials and methods
Strains and media
The strains, phages, and plasmids used in this study are listed in
Supplementary Table S1. All the experiments were performed in LB
(1% Trypton, 0.5% yeast extract, and 0.05% NaCl), or M9 minimal
media plus glucose (4% w/v), supplemented with ethanol or
antibiotics as required: ethanol, 4, 5.5, or 7% (v/v); ampicillin,
100 mg/ml; and kanamycin, 50mg/ml, unless otherwise mentioned.
Quantitative analysis of mutant libraries
Librarygenerationand microarray-basedfootprintingwere carriedout
as described earlier (Girgis et al, 2007). To determine the ﬁtness
contribution of each gene in the transposon library, we compared its
normalized hybridization signal in the selected samples to a set of ﬁve
unselected samples in to capture the effect of selection on the
frequency of each mutant (Girgis et al, 2007). For this, we calculated a
z-score for gene i using zi¼(xi mi)/si, where x is the normalized
hybridization signal in the selected sample, m is the mean, and s is the
s.d. of normalized hybridization signals from the unselected samples.
Foreachsample,the z-scores were thenvariancenormalizedacrossall
the genes in a given sample to calculate the ﬁtness scores. The
selections were performed in biological replicates and the resulting
ﬁtness scores were averaged and reported.
The generation and manipulation of the overexpression library was
performedasdescribedearlier(Aminietal,2009).Theselectionswere
performed in duplicates, and the ﬁtness scores were calculated
similarly to those of the transposon library. The ﬁtness proﬁles are
available in the Supplementary information.
DNA manipulation
Chromosomal deletions were either obtained from the Keio collection
(Baba et al, 2006) and transferred by generalized transduction with
P1vir phage into the MG1655 background (Silhavy et al, 1984) or
created using the previously described methods (Datsenko and
Wanner, 2000).
Modular analysis of ﬁtness proﬁles
We used iPAGE (Goodarzi et al, 2009a), a mutual information-based
approach, to discover the genetic modules that show non-random
patterns across the ﬁtness proﬁles (see Supplementary information
and Supplementary Figure S2). The iPAGE outputs are included in the
Supplementary information. iPAGE is also available for download at
http://tavazoielab.princeton.edu/iPAGE/ and can be used online at
https://iget.princeton.edu/.
Metabolite concentration measurements and
stable-isotope labeling of the ethanol-tolerant
strains
Culture ﬁltering, metabolome quenching, and extraction procedures
used features from previously described protocols (Rabinowitz
and Kimball, 2007; Bennett et al, 2008). Brieﬂy, overnight cultures
in LB media were diluted in minimal media with 1.5% ethanol (for
13C-ethanol labeling experiment) or 0.2% glucose and 3.5% ethanol
(for relative metabolite concentrations). Cells were then placed
on nylon ﬁlters by vacuum ﬁltration, and the ﬁlters were placed
cell-side up on plates of identical composition embedded in triply
washed agarose. For metabolite concentrations, metabolism was
quenched and metabolites were simultaneously extracted by moving
the ﬁlter to a solution of 40:40:20 methanol, acetonitrile, and water
with 0.1M formic acid at  201C. For
13C-ethanol labeling, cell-loaded
ﬁlters were ﬁrst placed on plates with unlabeled ethanol, then
either extracted (time 0) or moved to plates with
13C-ethanol for
0.25, 1, or 4h.
Relative pool sizes were quantiﬁed using two different LC methods
coupled by electrospray ionization to TSQ Quantum triple quadrupole
mass spectrometers (Thermo Scientiﬁc) operating in MRM mode.
Incorporation of labeled ethanol was monitored using LC coupled to a
high-resolution, high-mass accuracy Exactive mass spectrometer
(Thermo Scientiﬁc). For compete details on cell culture conditions,
analytical methods, and complete data set, see Supplementary
information.
Assessing the effects of mutations on ethanol
tolerance
We used kill curves in LB plus 7% (v/v) ethanol to compare the
tolerancelevelofdifferentmutantstothewild-typestrainMG1655.We
counted the colony forming units (CFUs) at 1, 2, 4, and 8h on addition
of ethanol in triplicate. To assess the signiﬁcance level at which the
mutants differed from the wild-type strain, we used an ANCOVA test
with an exponential model to calculate the associated P-values.
Supplementary information
Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
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